Introduction {#sec0005}
============

The highly contagious coronavirus disease 2019 (COVID-19) is causing public health emergencies worldwide and a crisis in global health security. Unlike many other countries that are experiencing ongoing and continuously increasing numbers of infected cases (i.e., high transmission rates), South Korea had an extremely short growth phase and quickly transitioned to a decrease in growth (i.e., low transmission rates).

In order to prevent the spread of infectious diseases, it is critically important for governments to make rapid decisions for the development of coping strategies and to apply them systematically based on detailed monitoring and empirical evidence. The Korea Centers for Disease Control and Prevention (KCDC) immediately implemented an aggressive tracing procedure for infected individuals and widespread non-selective testing for susceptible populations. Concurrently, the KCDC also initiated a series of public health interventions across the country including the wearing of face masks, social distancing, a voluntary plus mandated quarantine, business shutdowns, and school closures. These policies may have played a key role in successfully preventing a pandemic spread of COVID-19.

The SIR (susceptible--infected--removed) model is widely used in epidemiological research to predict how an infectious disease will spread over time after an outbreak. In the SIR model, the transmission rate is one of the key parameters that determine the evolutionary process of an epidemic; however, it is considered to be constant over time in the SIR model ([@bib0035]). Although the important role of public health interventions in reducing the transmission rate has been discussed in the literature ([@bib0010], [@bib0020]), empirical evidence to support this notion is scarce due to the limitation of the classic SIR model that assumes a single transmission rate. In the real world, the transmission rate of an infectious disease could differ depending on various events such as strong policy interventions or a novel drug discovery. To address this issue, we extended the classic SIR model by incorporating a change in transmission rate at an unknown breakpoint. This study was performed to examine the trajectory of spread of COVID-19 in South Korea and whether it changed at a breakpoint that was possibly related to a policy intervention. A comparison was made of the accuracy of the SIR models, both with and without a breakpoint, in estimating the pattern of spread of COVID-19. Furthermore, through counterfactual experiments, this study highlights the potential contributions of public health interventions to mitigating the spread in South Korea.

Methods {#sec0010}
=======

Data source {#sec0015}
-----------

Data published by the KCDC ([@bib0040]) on the daily number of COVID-19 infected and recovered cases from February 2 to April 15, 2020 were analyzed. The first case of COVID-19 in South Korea was reported on January 23, 2020 and the number of infected cases was not released on a daily basis until February 2.

Preliminary estimation using the classic SIR model {#sec0020}
--------------------------------------------------

The SIR model has been proposed as a continuous time model ([@bib0035]), which we discretize to fit the daily observations as follows:$$\Delta R_{t} = \gamma I_{t - 1}$$ $$\Delta I_{t} = \beta\frac{I_{t - 1}S_{t - 1}}{N} - \,\gamma I_{t - 1},$$where $S_{t},\, R_{t},\, I_{t}$ are the number of susceptible, recovered, and infected cases, respectively, at time *t*, and $N = S_{t} + R_{t} + I_{t}$ is the total population. By construction, $\Delta S_{t} + \Delta R_{t} + \Delta I_{t} = 0$. The framework of the basic SIR model is built upon simplifying assumptions, including a closed population and no reinfection, such that individuals who recover from infection are no longer susceptible ([@bib0060]). The parameters $\beta$ and $\gamma$ are the case transmission rate and recovery rate, respectively. The rate of transition from the susceptible state to the infected state is the transmission rate, and the rate of transition from the infected state to the recovered state is the recovery rate. The model implies that the two parameters determine the epidemic dynamics of an infectious disease and that policy interventions operate through manipulation of the values of the parameters. We first applied the standard SIR model to assess how well it explained the actual pattern of spread of infected cases.

The true value of the recovery rate is not identifiable with only the infected series and is difficult to estimate reliably, without a random experiment, when the number of infected is small. An approximate might be a ratio between the numbers of recovered and infected, only after the latter has grown significantly. Trimming the first 49 observations of our time-series, we computed the ratio as 0.51 and set as the recovery rate and estimated $\beta$ throughout the paper. Specifically, the parameter estimate was obtained by minimizing the sum of squared error (SSE) $\sum\limits_{t = 1}^{n}\left( {I_{t} - I_{t}\left( {\beta,\gamma} \right)} \right)^{2}$ with respect to $\beta$, where $I_{t}$ is the actual number of infected at time *t*, and $I_{t}\left( {\beta,\gamma} \right)$ is the value predicted by the SIR model. We also considered other recovery rates in the range of 0.12--0.58.

Advanced estimation by the SIR model incorporating a breakpoint {#sec0025}
---------------------------------------------------------------

The transmission rate of a contagious disease may not be constant over time once various policy interventions have been introduced to mitigate an epidemic. Evidence for a reduced rate of transmission resulting from public health policies over the course of an epidemic has been discussed previously; for example, see [@bib0010], [@bib0015], and [@bib0005]. When evaluating mitigation strategies, it is difficult to set (i.e., fix) the date of the change in the transmission rate a priori, due to lags in policy effects and/or a mix of different policies. Considering these features, we introduced a structural break in the transmission rate as done by [@bib0030] to explain daily emergency room visits due to an influenza-like illness. However, the recovery rate may not change quickly, as new treatment methods typically do not appear during the early period of an epidemic.

In this regard, we fixed $\gamma$ at 0.51 as in the preceding section and introduced a change in the transmission rate at an unknown time to the SIR model by replacing $\beta$ with $\beta_{t}\left( t_{0} \right) = \beta_{1}1\left\{ {t \leq t_{0}} \right\} + \beta_{2}1\left\{ {t > t_{0}} \right\}$ and estimated both the breakpoint date, $t_{0}$, and before-and-after transmission rates, $\beta_{1}\,\text{and}\,\beta_{2}$, respectively, from the time-series of the number of infected. Specifically, we minimized SSE $\sum\limits_{t = 1}^{n}\left( {I_{t} - I_{t}\left( {\beta_{t}\left( t_{0} \right),\gamma} \right)} \right)^{2}$. Although previous studies, such as that by [@bib0045], have introduced a time-varying $\beta$ into the SIR model to accommodate a known time-varying feature like seasonality in infection, none have estimated an unknown break date.

After estimating the parameters by the minimum distance principle, two counterfactual analyses were conducted. In the first, we estimated the trajectory of the number of infected when there was no policy implemented to reduce the transmission rate and thus there was no break in transmission rate. In the second, we estimated the trajectory of the number of infected when policies were delayed by 1 week, i.e., when the break occurred 1 week later than the estimated breakpoint date. These counterfactual experiments highlighted the effect of active policies.

Results {#sec0030}
=======

Pattern of spread based on the classic SIR model {#sec0035}
------------------------------------------------

We first applied the formula proposed by the classic SIR model to the actual data observed between February 2 and April 15. Using the time-series of the number of cases and the SIR model, we estimated the transmission rate $\beta$ to be 0.6, and from this estimated rate we predicted the number of cases. In [Figure 1](#fig0005){ref-type="fig"} , the black line shows the number of cases observed and the red line shows the number of cases predicted by the SIR model with an estimated transmission rate of 0.6 and $\gamma =$ 0.51.Figure 1Comparison of actual COVID-19 cases (in black) and the cases predicted (in red) by the classic SIR model. Time is represented along the *x*-axis and the number of infected cases is represented along the *y*-axis.Figure 1

From [Figure 1](#fig0005){ref-type="fig"}, we see that the trend in actual infected cases is clearly different from the trend predicted by the classic SIR model. Specifically, the actual number of infected cases began to increase sharply in late February; this then quickly reversed and began slowing down after reaching a peak in early March. However, the number of infected cases predicted by the classic SIR model gradually increased throughout March, with its predicted trajectory well below the trajectory of observed cases. Starting in early April, the predicted trajectory began to increase swiftly, and by mid-April, the SIR model trajectory predicted more cases than were actually observed. Thus from mid-April, the two trajectories headed in opposite directions, consequently leading to large prediction errors. These findings indicate that the classic SIR model was not able to explain the trend in COVID-19 over time in South Korea. As noted previously, this is likely because the classic SIR model does not take into account the impact of events that may affect the transmission rate of infection, such as public health interventions.

Advanced estimation using the SIR model with an unknown break {#sec0040}
-------------------------------------------------------------

As an alternative to the classic SIR model with a single constant transmission rate, we extended the SIR model to allow multiple transmission rates with a breakpoint. Using this approach, it was found that the transmission rate changed from 0.71 to 0.48 at the estimated breakpoint date of March 7, 2020. [Figure 2](#fig0010){ref-type="fig"} shows this predicted trajectory (in blue) with the observed data (in black).Figure 2Comparison of actual COVID-19 cases (in black) and the cases predicted (in blue) by the SIR model with a break. Time is represented along the *x*-axis and the number of infected cases is represented along the *y*-axis. The vertical red line indicates the breakpoint (March 7, 2020) where there was a change in the rate of transmission.Figure 2

Compared to the classic SIR model, the fit of the model improved dramatically when including a breakpoint and allowing for multiple transmission rates (as seen in [Figure 2](#fig0010){ref-type="fig"}). The observed and predicted trajectories move tightly together over the entire time period, with both peaking in the first week of March. In the first phase, with a high transmission rate of 0.71, the growth of contagion accelerated quickly until the estimated breakpoint of March 7. After this point, the contagion process shifted into a new phase with a lower transmission rate of 0.48 and growth slowed substantially. In both phases, the suggested model was successful in mirroring the epidemic trajectory of COVID-19 in South Korea.

As noted earlier, the breakpoint is estimated by minimizing the SSE, the error referring to the prediction error derived from the difference between the observed number of cases and the predicted number of cases based on the model. For a graphical illustration of the estimated breakpoint, we plotted the profile of the SSE around the timeframe of the estimated break. As shown in [Figure 3](#fig0015){ref-type="fig"} , the SSE drops between March 5 and March 7 and reaches the minimum on March 7, confirming that the change in transmission rate, in terms of breakpoint, occurred on March 7. This was day 44 following the first case of COVID-19 in South Korea.Figure 3Profiled sum of squared error (SSE) along candidate break dates by the SIR model with a break. Time is represented along the *x*-axis and SSE along the *y*-axis.Figure 3

As a further assessment of the robustness of the SIR model with a break, we examined whether our findings were sensitive to recovery rates other than 0.51. Considering recovery rate values in the range of 0.12 to 0.58, we consistently found March 7 to be the estimated breakpoint where the transmission rate changes and the same magnitude of change (−0.23) in the transmission rate.

Counterfactual experiments on the dynamics of spread of COVID-19 {#sec0045}
----------------------------------------------------------------

### Situation in the absence of a breakpoint {#sec0050}

Using the estimated model parameters $\beta_{1}$ (the transmission rate) and $t_{0}$ (the breakpoint), we predicted the dynamics of the epidemic under different policies. First, in the scenario in which mitigation policies were not introduced or the imposed mitigation measures were ineffective, the initial transmission rate remained constant until the end of the period. In [Figure 4](#fig0020){ref-type="fig"} , the red line represents the predicted number of cases based on the initial transmission rate of 0.71. For ease of comparison, the black line is plotted to indicate the observed number of cases. Under the initial transmission rate without a break, the number of cases was predicted to increase up to 2 500 000 at its peak.Figure 4Comparison of COVID-19 cases (in black) and cases predicted (in red) by the SIR model if the initial transmission rate $\beta_{1}$ was maintained without the break. Time is represented along the *x*-axis and the number of infected cases is represented along the *y*-axis. The vertical red line indicates the breakpoint (March 7, 2020).Figure 4

### Situation for a delayed breakpoint {#sec0055}

We further explored policy impacts on the dynamics of contagion by considering a 1-week delay in policy interventions. Under this scenario, the transmission rate was reduced from 0.71 to 0.48 at a later date than the estimated breakpoint of March 7; specifically, the breakpoint was moved to 1 week later. [Figure 5](#fig0025){ref-type="fig"} shows that with a 1-week delay in the change of the transmission rate, the number of infected cases continues to increase until March 14 and reaches a maximum of 30 000, which is more than three times the actual number observed at the peak.Figure 5Comparison of COVID-19 cases (in black) and cases predicted (in blue) by the SIR model with a break, with a 1-week delay in the break. Time is represented along the *x*-axis and the number of infected cases is represented along the *y*-axis. The vertical red line indicates the breakpoint (March 14, 2020) where there was a change in the rate of transmission.Figure 5

Discussion {#sec0060}
==========

With the outbreak of COVID-19 that continues to spread around the world, South Korea has drawn international attention for two unique features. One, the pattern of spread of COVID-19 in South Korea is notably different from what has been observed in most other countries. Two, the government implemented systematic policy interventions and mitigation measures including the provision of nationwide testing through the tracing of infected individuals from very early on.

It was found that the classic SIR model was not able to explain the trend in COVID-19 over time in South Korea. As noted previously, this is likely due to the fact that the classic SIR model does not take into account the impact of events that could affect the transmission rate of infection, such as policy interventions. Thus, we estimated the trajectory of COVID-19 cases using a SIR model that allows for different transmission rates at an unknown breakpoint based on the assumption that the unique pattern of spread in Korea was related to policy interventions. It was found that the pattern of spread predicted by the proposed model better matches the actual trend of the epidemic than the one predicted by the classic SIR model. In addition, the findings based on various prefixed recovery rates supported that the estimated breakpoint was robust, occurring around the first week of March. The findings demonstrate that this SIR model equipped with multiple transmission rates and a breakpoint is a simple yet powerful tool for predicting the trajectory of a seemingly unpredictable novel infectious disease.

One of the important contributions of this study is the estimation of an unknown breakpoint at which the transmission rate changes. This will allow us to identify effective strategies among the measures implemented over the course of an epidemic. In early February, before the estimated breakpoint of March 7, various policy interventions were initiated through coordinating governmental agencies ([@bib0055]). For example, the daily testing capacity was expanded from 762 to 20 075 between February 7 and March 2. The distribution of publicly funded face masks started at designated shops and centers in Daegu and Gyeongbuk on February 27, expanding to all regions of the country as of February 28. The provision of various public services was suspended as a means of social distancing, including local public libraries from February 7 and national libraries and museums from February 24. As of February 27, public kindergartens were closed, and the start of the school year was delayed from March 2 through April for students in all grade levels. Taken together, the extent of social distancing and mitigation measures was expanded in the last week of February, approximately 2 weeks ahead of the estimated breakpoint of March 7.

Governments worldwide play an active role in attempting to control contagion and minimize health costs. The findings of this study shed light on the significance of prompt decision-making and systematic implementation of appropriate policy interventions in regulating transmission rates and mitigating spread during an epidemic, particularly of a highly contagious infectious disease such as COVID-19. The experimental simulations in this study indicate that in the absence of immediate preventive public strategies, the transmission rate in South Korea would have been much higher, comparable to the levels seen in other countries. Considering that the early stage of the epidemic began in the metropolitan city of Daegu and the surrounding area Gyeongbuk, which has a population of over 5 million people, reaching that predicted number in the absence of any interventions is entirely conceivable. Given that the realized incidence of cases at the peak was 8000, the estimation indicated that a decrease in the transmission rate by 0.23 had a tremendous impact on the trajectory of this infectious disease.

The study findings substantiate the important role of policies and public health measures in limiting the spread of an infectious disease as discussed in the recent literature on COVID-19. For example, [@bib0025] and [@bib0050] suggested combined interventions such as rapid case-finding with widespread testing in conjunction with strict quarantine and population-wide social distancing as the most effective strategies. Given the estimated breakpoint, further estimation that exploits more detailed information on specific policy intervention strategies is warranted to verify factors contributing to the successful mitigation of the epidemic spread of COVID-19 in South Korea. We also suggest an estimation of the pattern of spread of COVID-19 in other countries based on our SIR model with a breakpoint, in order to build up robust evidence for the estimation accuracy.
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